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Abstract
Air transport is a key infrastructure of modern societies. In this
paper we review some recent approaches to air transport, which make
extensive use of theory of complex networks. We discuss possible net-
works that can be defined for the air transport and we focus our atten-
tion to networks of airports connected by flights. We review several
papers investigating the topology of these networks and their dynamics
for time scales ranging from years to intraday intervals, and consider
also the resilience properties of air networks to extreme events. Finally
we discuss the results of some recent papers investigating the dynam-
ics on air transport network, with emphasis on passengers traveling in
the network and epidemic spreading mediated by air transport.
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1 Introduction
Transport systems, along with other infrastructures like power grids
or communication networks, are fundamental elements of our soci-
eties and economies. They guarantee the high level of mobility that
we all experience, and which is vital for the cohesion of markets and
for the quality of life of citizens. Moreover, transport systems enable
socio-economic growth and job creation. When such fundamental in-
frastructures experience a random failure or are intentionally targeted
by terrorist attacks, the whole society is severely affected. The air
transport system is no exception. In 2008 this industry generated 32
million jobs worldwide, of which 5.5 of them were direct, and con-
tributed with USD 408 billion to the global gross product [1]. On the
other hand, its vulnerability and the consequences for citizens’ mobil-
ity clearly appear when a strike or the eruption of a volcano interrupt
the normal behavior of the system [2, 3].
The theory and application of complex networks has experienced
a tremendous growth in the last decade [4, 5]. In spite of its young
age, the great variety of tools developed for the analysis of different
topologies [6] has favored a better understanding of the structure and
dynamics of many real-world systems [7]. Remarkably, the complex
networks approach has explained the appearance of emergent phenom-
ena in many systems composed by a large set of interacting elements.
Well known examples include social systems, e.g. the study of net-
works of acquaintances or the diffusion of contagious diseases [8], the
Internet [9], and applications to neural dynamics [10, 11]. It is not sur-
prising that the complex network methodology has been successfully
applied to different transportation modes, including streets [12, 13],
railways [14], or subways [15, 16].
In this paper we present a review of the literature related to the
application of complex network theory to the air transport system. As
it will be clear, several problems have been investigated so far. For
instance, the description of the topological and metric structure of the
network is of great importance for understanding the business strate-
gies adopted by different airlines, for assessing passengers’ mobility in
the presence of direct and indirect connections, or for investigating
the time evolution of air transport, while it adapts to changes in the
passengers’ demand and reacts to economical external forces, such as
deregulation. Another aspect of interest is the dynamics taking place
on the network. A paradigmatic example, reviewed in this paper, is
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the spreading of infectious diseases worldwide and the role that air
transport has in enhancing the speed of epidemic propagation.
The future presents many challenges for the air transport system
and complex network theory is likely to play a more and more sig-
nificant role in tackling these challenges. First of all, air transport
is increasing worldwide at a very fast pace. Policy makers are aware
of the fact that the current system will be at its capacity limits in
few years because of the increase of traffic demand and new business
challenges. For this reason, large investment programs like SESAR
in Europe and SingleSky in the US have been launched. Also, policy
makers have stressed the importance of fostering the resilience of the
system, and of its capacity of recovering the required mobility after
an external shock [17]. Moreover the future will require an increas-
ing degree of integration among different transportation modes. This
problem finds a natural description in terms of multi-layer represen-
tation of complex networks [18]. Clearly, all these issues are not only
relevant for the air transport itself, but they have important implica-
tions for the society as a whole.
This review is organized as follows. Section 2 describes the main
components involved in the air transport system, which are the basis
for the construction of different network representations. Section 3 re-
ports the most important facts about the topologies of such networks,
including their dynamical evolution, and the models that have been
developed to explain these characteristics. Section 4 reviews the main
dynamics that have been studied on top of this network and Section
5 discusses the role of network topology in the resilience and vulner-
ability of air transport system. Finally, Section 6 draws some final
conclusions, and presents some open lines of research.
2 Networks for the air transport
Many complex systems can naturally be represented by one or more
networks. For instance, the Internet can be represented as a set of
nodes (the webpages) connected by links (the hyperlinks) [19, 20].
The same system can also be represented by considering the routers
as nodes and their physical connections as links [21].
This multiple network representation property is shared also by
the air transport system, and therefore one should first decide which
network is investigated. The air transport system is composed of a
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large number of different elements, interacting and working together.
The mobility of passengers is just the final result and it is clearly
of high importance from a social point of view. Therefore it is not
surprising that most analyses have been focused on the mobility of
people, disregarding other technical details. When this point of view
is followed, the construction of network is straightforward. Nodes
represent airports and a link between two nodes is created whenever
there exists a direct flight between the two airports associated with the
nodes. From this point of view the airport network is the projection of
the bipartite network, whose first set of nodes is composed of airports,
the second set of flights, and a link exists between a flight and an
airport if that flight departs or arrive to that airport. Clearly in
this way additional sources of information, like scheduling, types of
flights, or airlines, are disregarded. The projected network of airports
is naturally a directed graph, where, in general, two directed links can
exist between two nodes A and B, one describing the flights from A
to B and one from B to A. The projected network has also a natural
weighting scheme, given by the number of flights that are present
(in the investigated time period) between the two airports. These
networks are termed flight networks.
Additionally, not all flights are equivalent. The number of available
seats in each aircraft can be very different, ranging from the 50 pas-
sengers of a small regional jet, up to the 853 seats of an Airbus A380.
As a consequence, it has been proposed the association of weights to
links, proportional either to the frequency of connections or to the
number of transported persons - see Section 3.2. As usual, from a
weighted directed graph one can construct other graphs by neglecting
information. For example, taking the difference between the weights
from A to B and from B to A, one can construct a directed network
where only one directed link exists between two nodes. By neglect-
ing the weights one can obtain an unweighted network, where only
topology matters, and by neglecting also directionality one can obtain
simple binary graph. All these alternatives have been investigated in
the literature. In any form, the flight network is probably the most
investigated network in air traffic studies. Here we will review mostly
the properties of these networks in the following of this paper.
However while complex networks are traditionally considered as
static objects, it is clear that time is an important feature of any
movement. This is especially true in the case of the air transport,
because passengers may have to use several flights to get to their
4
destination. If one considers only static representations of the network,
there is no way of knowing the real dynamics of passengers, i.e., if
one needs to wait 2 or 10 hours in a airport before taking the next
connecting flight. In Section 4 we will review some solutions that have
been proposed to investigate the problem of indirect connectivity of
passengers.
Another important aspect of flight networks is that they can be
naturally decomposed into many subnetworks. For example, flight
networks can be decomposed by considering separately one subnet-
work for each airline. The analysis of the networks corresponding to
a single airline has been performed, for instance, in Refs. [22, 23].
To the best of our knowledge, no paper has been published on the
analysis of interdependencies between the subnetworks corresponding
to different airlines, or of different alliances of airlines. We expect
this topic will gather an increasing interest, especially because it can
be considered a special case of a multi-layer representation of com-
plex networks [18]. This framework would also allow the study of the
relations between the air and other transportation modes [24, 25].
It is important to stress that networks different from the flight
networks can be constructed and are likely to be very important for
the understanding and modeling of air transport. The structure of the
airspace is one of these cases. Nowadays aircraft do not travel along
the straight line (geodesic) connecting the departure and destination
airport. On the contrary, they must follow some fixed airways, defined
as union of consecutive segments between pairs of navigation aids
(navaids in short). While such constraints are actually imposed in
order to improve safety (as it is easier to control ordered flows of
aircraft) and capacity (the workload of controllers is reduced, and
thus they can control a higher density of aircraft), bottlenecks may
appear in some central zones of the airspace, or where several busy
airways converge. Navaids can be used to create a network, where
nodes are navaids, and links represent airways. To the best of our
knowledge, only very few studies have considered this type of network.
For example, Cai and coworkers [26] investigated the Chinese air route
networks.
Another example of networks considers reactionary delays and their
effect on passengers. These are situations in which a flight cannot take
off on time because of a delay in another flight. This occurs, for in-
stance, because of the late arrival of the aircraft, or of the crew itself
[27]. Different networks may be created to study this phenomenon.
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Nodes may represent crews, with a link between them when they share
the same aircraft. Alternatively nodes may also represent airports,
connected whenever the same aircraft has to serve them in a sequen-
tial fashion. The identification of the central elements of these graphs
may help in highlighting the critical points for the dynamics of the
system, and would thus allow the creation of better mitigation strate-
gies. To the best of our knowledge, this topic has not yet been studied
within this framework.
Finally we mention a very recent approach to construct networks
of air traffic safety events [29]. When two aircraft are too close, an au-
tomatic alarm, termed Short Term Conflict Alert (STCA), is activated
and the air traffic controller is supposed to give instructions to the two
pilots in order to avoid a collision. One important question is whether
STCA are isolated events or whether aircraft initially involved in a
STCA are likely to be involved in other STCAs with other aircraft in
the near future and so on, creating a cascade of events. This possibil-
ity signals the fact that the controller suggests a local solution without
forecasting unintended consequences of her instructions. By using a
dataset of automatically recorded STCA, authors of [29] mapped this
problem into a network of STCAs which in turn can be mapped in a
network of aircraft, where two nodes (aircraft) are connected if they
were involved together in a STCA. These networks shows topological
regularities and might shed lights on the aircraft conflict resolution
dynamics.
3 Topological analysis
3.1 Unweighted air transport networks
The analysis of the structure of the flight network in air transport,
especially when focused on individual airlines, began years before the
formalization of the complex network theory. This type of analysis
was motivated by the aim of defining the most efficient structures of
flights for a given airline [28, 30], both in terms of yields (and, thus,
profit) and of passengers’ mobility. The proposed solutions can be
grouped into two classes:
Point to point: in this configuration, a different aircraft serves each
pair of airports in the network, or at least those pairs where the
passengers’ demand is enough to justify the connection. While it
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has the advantage of offering direct connections to all passengers,
it also requires a high number of aircraft for covering all the pos-
sible routes. For a completely connected network the number of
connections increases with the square of the number of airports.
This strategy of connections was common in the United States
before the ’70 deregulation [31], and nowadays is still used by
several low-cost airlines - see left panel of Fig. 1.
Hub-and-spoke: in this case, connections are structured like a chariot
wheel (or a collection of such structures), in which all traffic
moves along spokes connected to the hub(s) at the centre. While
most passengers must take (at least) two different flights to reach
their destination, this strategy presents several benefits for the
airline. In fact, a lower number of aircraft is required, flights
usually have a higher occupation rate, and the expansion of the
network to a new airport only requires one new additional flight
[32, 33]. Today the hub-and-spokes configuration is used by most
major airlines all around the world - see right panel of Fig. 1.
While earlier studies were mostly theoretical, the possibilities of-
fered by the analysis of real systems through the complex networks
methodology, and the ever-increasing computational capabilities of
modern computers, have enabled a better understanding of the struc-
ture of real air transport networks. It is interesting to notice that
some network characteristics have been confirmed in all studied net-
works. One important aspect of flight networks is the the fact that
they show the scale-free feature. This implies the presence of few hubs
with a very high number of connections, confirming the predominance
of a hub-and-spoke topology. An example can be seen in Fig. 2,
which shows the cumulative probability distribution of degree of all
European airports, considering only internal flights (i.e., flights whose
origin or destination is outside Europe are disregarded). The right
panel of Fig. 2 shows a zoom of the extreme tail of the distribution
and it is clear how few airports have direct connections with a large
number the destinations in the network, performing a hub function.
In the literature we surveyed, different methodologies have been
used for creating and analyzing flight networks. In Table 1 we report
the values of classic complex network metrics, for the air transport
system of different countries and considering an unweighted represen-
tation. The meaning of these metrics is reported below:
γ: in scale-free networks [45] the asymptotic behavior of the node de-
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Table 1: Example of different topological metrics of flight network, as re-
ported in several research papers. The asterisk in the Links column indicates
that the number refers to the number of flights, while in all the other cases
the column reports the number of connections.
Country Period Nodes Links γ γB L Lrand C Crand
World 11/2000 3883 27051 1.0 0.9 4.4 — 0.62 0.049
World 11/2002 3880 18810 2.0 — 4.37 — — —
US — 215 ∗116725 2.0 — 1.403 — 0.618 0.065
US 10-12/2005 272 6566 2.63 — 1.9 1.81 0.73 0.19
Austria — 134 9560 2.32 — — — 0.206 0.01
China — 128 1165 4.161 — 2.067 — 0.733 —
China 28/11/2007-29/3/2008 144 1018 — — 2.23 1.88 0.69 0.098
India 12/1/2004 79 442 2.2 — 2.259 2.493 0.657 0.0731
India 12/2010 84 ∗13909 0.71 0.54 2.17 2.55 0.645 0.18
Italy 16/7-14/8/2005 42 — 1.6 0.4 1.987 3.74 0.10 0.17
Italy 11/2005 42 — 1.1 0.5 2.14 3.64 0.07 0.14
Italy 6/2005-5/2006 42 310 1.7 0.4 1.97 — 0.1 —
Italy — 33 105 — — 1.92 — 0.418 —
Spain — 35 123 — — 1.84 — 0.738 —
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Figure 1: Representation of the networks corresponding to Ryanair (Left)
and Lufthansa (Right), as at 1st of June 2011. Notice how the network of
Lufthansa, which is a major airline, is centered around few main airports
(hubs), while the structure of Ryanair, the biggest European low-cost com-
pany, has a densely connected core.
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Figure 2: Cumulative probability distribution of degrees of European air-
ports. The network has been constructed considering only commercial (both
regular and charter) flights operated between two European airports the 1st
of June 2011. (Right) Zoom of the right part of the distribution. The hubs
of the network are indicated by red circles.
gree distribution has a functional form P (k > x) ∼ x−γ . It has
been pointed out that the real degree distribution of the world-
wide flight network is a truncated power-law, i.e., it is asymptot-
ically better explained by the function P (k > x) ∝ x−γf(x/km),
where f is an exponential truncation function and km is a trunca-
tion parameter. The values reported in Refs. [34, 35] correspond
to the exponent γ.
γB: the betweenness of a node is a centrality measure quantifying how
important is a node for movements inside the network. Node be-
tweenness is defined as the proportion of shortest paths, among
all possible origins and destinations, that pass through a node
[46]. The exponent γB is the exponent of a power law fit of
betweenness distribution. When the distribution of centrality is
asymptotically a power-law function, a high exponent γB indi-
cates that few nodes are responsible for the efficient routing in
the network.
L and Lrand: L is the mean length of shortest paths between pairs
of nodes of the network, i.e.,
L =
1
n2
∑
i,j
di,j (1)
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where i and j are two nodes of the network, n the number of
nodes, and dij the length of the shortest (topological) path be-
tween nodes i and j. The value of L is usually compared with
Lrand, that is the mean value obtained in different networks that
have the same number of nodes and links, but a completely ran-
dom structure. These random networks are also called Erdo¨s-
Re´nyi graphs [47]. It is worth noticing that the Table shows how
L is often lower than the corresponding Lrand, indicating, as ex-
pected, that air transport networks are engineered to efficiently
reduce the number of connections needed by passengers.
C and Crand: the clustering coefficient C, and its randomized coun-
terpart Crand, measures the number of triangles that can be
found in the network [6]. It assesses the probability that two
nodes, which are connected to a third node, also share a direct
connection. Similarly to Lrand, Crand corresponds to the mean
clustering coefficient of an ensemble of randomized networks.
The reader may easily notice how obtained values are very het-
erogeneous. For instance, the exponent of the degree distribution γ
varies from 1.0 up to 4.161, and the clustering coefficient C from 0.07
to 0.738. This variability is mainly due to two factors. Firstly, there
are important differences in the method used in the construction of
the networks, which are usually not fully explained in the papers.
The time window represented by the network may be not reported
[22, 23, 44], and no details are given about the types of flights con-
sidered (regular passengers flights, charters, cargo flights). Secondly,
most of the researches have investigated national networks, covering
few tens of airports. It is well known that some complex networks
properties, such as, for instance, the scale-free distribution of degrees,
are meaningful and can be correctly assessed only in large networks,
where finite size effects are negligible [48]. Moreover the degree of net-
work heterogeneity is very different if one considers a regional airport
network or the worldwide network.
3.2 Weighted network analysis
As explained in Section 3.1, the analyses described above are based on
unweighted projections of the air transport system, that is only the
existence of direct connections between pairs of nodes is taken into
account. On the other hand, it can be expected that the structure
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of frequencies of flights may unveil interesting information, especially
related with the main routes of movements chosen by passengers.
Table 2 shows the values of some metrics obtained for different
weighted networks [52]. When a link between two nodes i and j has a
weight wij, it is possible to calculate a weighted version of the degree
of a node, called strength, as si =
∑
j wij . Notice that the variability
observed in the metrics of the unweighted networks is amplified in
the weighted network, because several variables can be used to define
the value of wij. For example one can consider the number of flights,
the number of offered seats, or the number of passengers transported,
obtaining different weighted networks.
The definition of the metrics shown of Table 2 is here reported:
β: the relation between the strength s (number of flights) of each
node and its degree k (number of connections) is typically well
fitted by a power law s(k) ≈ kβ. This relation unveils relevant
information about how capacities are distributed through the
airport network.
βb: if one is interested in the assessment of the centrality of airports
from the point of view of passengers’ movements, it is possible to
relate the strength of a node with its betweenness, i.e., s(b) ≈ bβb .
θ: in order to check whether there is a relation between the frequency
of connections between two airports, and their connectivity (in
terms of number of destinations directly served), the weight of
each link has been related with the degrees of connected nodes,
leading to wij ≈ (kikj)
θ.
The main conclusion that can be drawn from Table 2 is that there
exists a strong correlation between the degree of a node, and the quan-
tity of flights and passengers going through it. This fact is in agree-
ment with the hub-and-spoke structure of the network. The more
connections a node has, the more passengers will use that node to
reach other destinations, and thus the frequencies of such connections
strongly increase.
3.3 Short and long term evolution of the net-
work
Although the scheduling of flights of regular airlines should be defined
and published almost one year before the actual day of operation,
11
Table 2: Topological properties of different weighted flight networks.
Country Weigth β βb θ Refs.
Worldwide Available seats 1.5 0.8 0.5 [35, 36, 49]
US Number of passengers 1.8 — — [38]
India Number of flights 1.43 — — [40]
4 European airlines Number of flights (1.06− 1.18) — — [50]
China Number of flights — — 0.5 [23]
Europe Number of flights 1.39 — — [51]
the air transport system is far from being a static structure. On the
contrary, airlines constantly adapt their scheduling to changes in the
passengers’ demand, both on the short and long term.
On the short term, the network evolves to answer to the different
needs of two groups of passengers, namely those moving for work
and usually traveling from Monday to Friday, and those moving for
leisure, traveling mainly during the week-end. It is well known that
the first group is less sensitive to price, but highly values short travel
durations. The result is that, during the week-end, the number of
flights is reduced, and the network assumes a more star-like shape
around the airports of cities of tourist interest. Fig. 3 reports the
evolution of two metrics, namely the mean degree 〈k〉 and the exponent
of the power-law fit of the degree distribution γ, for the Austrian and
Chinese air networks at different days of the week.
A long term adaptation of the network has been also studied in
several papers. While short term variations are easy to predict, long
term oscillations in the demand are more complicated to forecast, be-
cause they are the result of significant changes in macro-economical
factors, of the competition between different airlines, and of the limi-
tation imposed by policy-makers.
The evolution of the structure of the network due to changes in
the regulations has been extensively studied in the case of the Eu-
ropean deregulation started in year 1986 [53] (see also Section 4.1).
While several papers have focused on the aeronautical and economical
consequences of the deregulation [54, 55, 56], only a few have applied
complex networks concepts to this problem. Specifically, in Ref. [57],
the evolution of the European air network is studied between years
1990 and 1998, with one network created for each year. The dynam-
12
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Figure 3: Evolution of the mean degree 〈k〉 (Left) and of the exponent of
the degree exponential fit γ (Right) for the Austrian (black squares and solid
lines) and Chinese (blue triangles and dashed lines) air transport networks,
through different days of the week. Information about the Austrian and
Chinese networks have been obtained in Refs. [22] and [23] respectively.
ics of some basic network metrics have been investigated. The most
important of them are the classification of airports according to their
number of connections and the evolution of the number of small and
big (hubs) airports through time. Results identify two different dy-
namical patterns. On one side, medium size airports have attracted
most of the intra-European traffic, creating specialized internal hubs.
On the other side, the intercontinental traffic was also concentrated,
but on different hubs, usually big airports. In summary, the global
structure of the network has promoted an hub-and-spoke structure,
but with different hubs for internal and intercontinental flights.
An interesting case study is represented by China. Since the eco-
nomic reforms started in 1978, which slowly reduced the control of the
State over the economy, the size of the air network and the number
of passengers transported have increased at fast pace [58] (see Fig.
4). Specifically, the number of passengers grew at an average annual
rate of 17%, mainly driven by business and tourist motivations. As a
consequence of this expansion, the number of airports also increased
from 69 in 1980 to 137 in 1998. As forecasted by the classical theory
[31], the structure of the network changed from a point-to-point to a
hub-and-spoke configuration. Nevertheless this hub-and-spoke topol-
ogy presents some interesting specificities [59]. First of all, there are
13
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Figure 4: Evolution of the number of airports in the China’s air network, and
of the number of passengers from 1980 to 2005. Data correspond to Table 1
of Ref. [59].
three main hubs, corresponding to the headquarters of the three main
national airlines, namely Beijing (Air China), Shanghai (China East)
and Guangzhou (China South). The relative importance of these air-
ports has significantly changed over time, reflecting the changes in the
international scene of the corresponding cities. While Beijing was the
main hub in 1990, it passed its role to Shanghai in 2005 [60]. Finally,
these three airports form a peculiar triangular subnetwork, accounting
for a 37.3% of the transported passengers. These characteristics are
mainly the result of regional economical and social inequalities within
the Chinese territory, and of China’s involvement in the world econ-
omy. After year 2000, the main topological properties of the network
have remained stationary. However several changes have occurred,
mainly related with the appearance and extinction of small airports
and routes between them [61].
To conclude this Section on the evolution of air networks, it is
worth noticing Ref. [62], in which the evolution of the Brazilian air
network between years 1995 and 2006 is studied. Similarly to the case
of China, Brazil experienced from an important growth in its economy.
Within this period, the total number of passengers transported in
Brazil increased from 18 millions to 43 millions. Nevertheless, and
in opposition to what found in the case of the Chinese network, the
number of airports served by major airlines strongly decreased (211 to
142), along with the mean degree (13.19 to 10.28). Therefore, while
the traffic increased, the network reduced the number of connections
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between secondary airports, getting closer to a pure hub-and-spoke
configuration centered around Sa˜o Paulo, Bras´ılia and Salvador.
4 Dynamics on the air network
Up to now we have considered the topological and metric properties
of the flight network, by discussing also the dynamics of the network
over short and long time scales. However the air traffic network intrin-
sically describes the space where something, for example passengers
or goods, moves. Therefore it is natural to consider the problem of
characterization, modeling, and control of the dynamics on the flight
network. In this Section we review some recent approaches to dynam-
ics on air transport network, focusing our attention to the problem of
the dynamics of passengers when connection is not direct, the emer-
gence of traffic jams, and the propagation of epidemics through the
air traffic network.
4.1 Indirect connectivity and passengers dy-
namics
Probably the most important entity moving on the air transport net-
work are passengers. The structure of the air network strongly affects
the capability for a passenger to reach destination B starting from des-
tination A in the shortest possible time and in the most direct way.
The transition from the point to point system to the hub and spoke
system had several effects on passengers [32, 33]. On one side, it has
been argued that the hub and spoke system increased airline’s effi-
ciency and therefore, in a competitive market, it lead to lower prices.
On the other side, it is clear that spoke cities risk being marginalized,
being connected in a more indirect way to the rest of the system. The
emergence of low cost carriers, thanks to the deregulation of the mar-
ket, created cheaper opportunity of flying and created additional hub
and spoke subnetworks, where hubs are different from the one used by
main airlines [63]. These qualitative considerations on the effect of the
hub and spoke system on passengers have been investigated recently
in a more quantitative way by making use of network theory, as we
will show in the following.
Many papers have focused on the dynamics of the air transport
network toward an higher spatial concentration, which means that the
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topology of the network becomes more and more similar to a collection
of star like structures. For example, several authors have investigated
the change of topology of the American [64] and European [57, 65]
air transport network during the transition from the point to point to
the hub and spoke structure. However as pointed out, for example, in
Ref. [66] a hub and spoke network requires a concentration of traffic
both in space and in time. Temporal concentration means that flight
schedule must be organized in such a way to allow passengers to travel
between two (or more) spoke cities in a relatively short time, avoiding
thus long waiting time at the hubs.
In Ref. [66] authors considered the airline network configurations
in Europe between 1990 and 1999, and investigated to which extent a
temporal concentration trend can be observed after deregulation, by
focusing on the mechanism of wave systems. In an hub and spoke
traffic network, airlines typically operate synchronized waves of flights
through these hubs. The aim of such a wave-system structure is to op-
timize the number and quality of connections offered in the attempt
to minimize waiting times for indirect connections. By comparing
the flows of departing and arriving flights in an airport with an ideal
type connection wave (given some transfer times), authors were able
to identify the presence of waves and study how the structure and
number of waves in an airport changed during the 1990s, when the
air transport network became more and more similar to an hub and
spoke system. Authors concluded that in the late 1990s major hubs
had a clear wave system in place. For example, in Paris CDG air-
port six clear daily waves could be identified. The presence of these
waves was then used to assess their effects on the quality of indirect
connectivity. By introducing a suitable airport metric measuring the
number of indirect connections weighted by transfer time and a rout-
ing factor1, Burghouwt et al. [66] concluded that in 1999 only few
airline hubs are highly competitive in the indirect market (essentially
Frankfurt, Paris CDG, London Heathrow, and Amsterdam). More-
over they showed evidence that European airlines have increasingly
adopted wave-system structures or intensified the existing structure
during the 1990s. Finally, they found evidence that, given a certain
number of direct flights, airports adopting a wave-system structure of-
fer generally better indirect connections than airports without a wave-
1The routing factor is the ratio between the actual in-flight time indirect connection
and estimated in-flight time direct connection based on great circle distance. It measures
the quality of the indirect connection.
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system structure.
In order to assess the role of the European hub and spoke network,
Malighetti et al. [67] investigated different notion of centrality in the
flight network, by considering the point of view of a passenger that
must reach a destination in the shortest possible time. They first
considered two purely topological measures. The first is the average
shortest path length for an airport i, defined as the average of the
minimum number of flights needed to reach an airport j from airport i.
The second metric is the betweenness of an airport i, i.e. the number of
minimal paths that passes through airport i. Since there are typically
many shortest paths connecting two airports (and passing through
i), authors also defined the essential betweenness as the number of
unavoidableminimal paths passing through an airport i. An high value
of the essential betweenness indicates that the airport is a bottleneck
for the traffic in the system. Analyzing the European air transport
network in 2007, they found a large heterogeneity of average shortest
path length and different values for an airport, both if one considers
only European flights and if one considers also world flights. This
result is somewhat expected and typically differentiates hubs for main
airlines from hubs for low cost carriers.
Authors claim that, despite being interesting for the characteriza-
tion of the centrality properties of the flight network, these topological
measures do not help much in assessing the passengers’ needs. In fact,
a short path (in number of flights) can be useless for a passenger if
the composing flights are unfrequent or if their scheduling makes im-
possible to do the connection. For this reason Malighetti et al. [67]
considered a specific day and for each pair of airports they calculated
the shortest travel time between them for a passenger who wants to
leave at a specific time and to arrive at destination within the same
day. They used scheduled flight time data and allowed for at least
one hour for a flight connection. Finally they considered the mini-
mum among the possible starting time within the day and defined the
optimal path from the two airports as the one having this minimum
travel time. This value is a passenger oriented metric for the distance
between two airports in a given day.
It is clear that this metric takes implicitly into account the geogra-
phy of Europe. In fact, most of the airports with the smallest average
optimal path time are also those in the central part of Europe, in part
simply because flights are shorter from there than from a peripheral
airport. Authors compared also the connectivity offered by three big
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alliance networks (Oneworld, Sky Team, and Star Alliance) with that
of the overall network. They found that roughly two thirds of the
fastest indirect connections are not operated by the alliance system.
The interpretation provided is that this could be exploited to enable
a new passenger strategy of “self-help hubbing”. However, as authors
warned, this result does not take into account properly travelers’ util-
ity, since the analysis is focused on time and neglects other important
variables, such as prices, number of flights, loyalty programs, etc.
A similar, but mathematically more sophisticated, approach to the
indirect connectivity problem has been used in Ref. [68] where sched-
uled networks have been introduced. A scheduled network for the
air transport system is constructed starting from the ordinary flight
network and by adding additional nodes on the links connecting two
airports. The number of additional (secondary) nodes on a link is
proportional to the traveling time needed to travel in the route asso-
ciated to the link. The full network composed by primary (airports)
and secondary nodes allows to compute the real time needed to go
from an airport to another one, even if they are only indirected con-
nected. The main advantage of this approach is that one can adapt
several standard network metrics, such as mean path length, giant
component, clustering coefficient, and tolerance to errors and attacks,
to scheduled networks in order to take into account real travel time
(and not just topological distance) as a metric and, more important,
to take properly into account indirect connectivity. Authors then ap-
plied their method to a small sample of flight data of 40 European
airports and measured the efficiency of the network as a function of
the time of the day. As expected, they found a very low efficiency
during the night, meaning that passengers should wait in the airport
for some connections until the next morning. Moreover, they identi-
fied three peaks of connectivity during daytime, corresponding with
the moments of high network connectivity (see Figure 5).
4.2 Air traffic jams
The commercial airline traffic is made of scheduled flights. However
due to several possible reasons, such as adverse weather conditions,
operational problems, and high traffic volume, the actual dynamics
of flights can be drastically different from the scheduled one. Due to
the strong interconnectedness of the air traffic system, it is likely that
deviations from the scheduling propagate in space and time, i.e. in
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Figure 5: Evolution of three metrics for the 40 busiest European airports, at
different hours of the day. The metrics are the proportion of active connec-
tions (black solid line, left scale), the efficiency of the network (blue dashed
line, left scale), and the minimum rotation time, i.e., the minimum time re-
quired for a crew to return to the departure airport (red dotted line, right
scale). Reprinted with permission from Ref. [68]. c©2009 by the American
Institute of Physics.
other airports or routes in the near future. A big engineering challenge
is to design the whole system in such a way to be resilient to these
shocks, i.e. to be able to return quickly to a normal state after a shock.
Moreover air traffic system is a specific instance of traffic where jams
can appear for no apparent reasons. A small set of recent papers
started to investigate theoretically and empirically this problem.
In Ref. [69], for example, authors proposed a network-based model
of the air transport system that simulates the effect of traffic dynam-
ics and shows the appearance of jams. Specifically, in the model a
random (Erdos-Renyi) network describes the topology of a set of in-
terconnected airports. Each airport is characterized by an exogenously
given capacity, i.e. the maximal number of aircraft per unit time that
the airport can handle in an ideal situation. This ideal capacity is per-
turbed (diminished) by a random noise term. Moreover each link of
the network is weighted and the weight measures the number of time
steps that an aircraft needs in order to complete the route. A series
of simple queuing rules describes the interplay between incoming and
out-coming aircraft flows in an airport. Simplifying a bit, if the input
flow is larger than the capacity, the output flow will be equal to the
capacity and the other aircraft will remain in a queue. Only when
the input flow becomes smaller than the capacity it will be possible to
remove the waiting aircraft from the queue. The model is simulated
with Monte Carlo methods.
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Figure 6: Phase diagram relating the percentage of aircraft not stuck in a
node’s queue P as a function of the network aircraft density, for the European
air transport network composed of 858 nodes. Reprinted with permission
from Ref. [69]. c©2009 by Elsevier.
The key system indicator, P , is the percentage of aircraft that
are not stuck in a node’s queue, measured in the steady state. Note
that P actually measures the network’s efficiency as far as it gives
the flow rate which is diffusing as compared to the flow rate which is
stuck. The key finding of Ref. [69] is that by increasing the aircraft
density (number of aircraft), the system undergoes a phase transition.
This is testified by the fact that the expected value of P sharply
deviates from the efficient phase P = 1 when the aircraft density is
larger than a threshold. After this threshold P declines, as expected.
Correspondingly, the variance of P , goes abruptly from zero to an high
value when the aircraft density is larger than the threshold described
above. These and other evidences indicate that the system undergoes a
jamming transition, similarly to what observed in other traffic systems
[70]. One may ask whether network topology plays a role in this
observation. Authors considered the topology of the (real) European
air traffic system composed by 858 airports and 11170 flights and they
found qualitatively the same result, i.e. the emergence of a jamming
phase transition for a given value of the aircraft density (see Figure
6).
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4.3 Epidemic spreading
Another recent stream of research has considered the role of air trans-
portation network in the propagation of global epidemics and in the
assessment of its predictability. The majority of “classical” models of
epidemic spreading considers a set of individuals located very closely
one to each other, so that the connections between individuals that
can propagate the epidemic are short range (in space). However air
transport network provides a mechanism for long-range heterogeneous
connections that can change dramatically the diffusion properties of
an epidemics.
In Ref. [71] Colizza et al. developed a model of a set of more than
3000 large cities worldwide where a major airport is present. They
use IATA data on the number of available seats on any given flight
connection for the year 2002 and they complemented this dataset with
census data on the population of the large metropolitan area served
by each airport. Interestingly, they found that the number of pas-
sengers (seats) scales as the square of the population. For each city,
they simulated a classical SIR epidemic model, where each individual
is either susceptible (S), or infected (I), or recovered (R). Then they
used the air traffic flow data to simulate the mobility of individuals
from an airport to another. In this way they were able to simulate
the epidemic spreading in the world and to assess the role of the air
transportation network for the global pattern of emerging diseases.
To this end they compared the simulations calibrated on the real air
traffic data with simulations for two benchmarks. In the first one, the
air traffic network is a random Erdos-Renyi graph, while in the second
one the network is a graph with the same topology of the real system
but fluxes and populations are taken as uniform and equal to the av-
erage value of the corresponding real variables. In this way authors
could assess the relative importance of topological (network) and met-
ric (population, SIR rates, etc) variables by comparing simulations of
the two benchmark cases to simulations of the model fully calibrated
on real data. The striking result is that the model where the topology
of the air network is faithfully reproduced but the weights are homo-
geneous shows simulations much more similar to those of the model
fully calibrated on real data than the simulations of the random graph
model. This finding strongly indicates that (at least in the framework
of the model) “the air-transportation-network properties are responsi-
ble for the global pattern of emerging diseases” [71]. The same result
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holds if one consider the predictability of epidemic spreading. By
defining a suitable measure of the sensitivity of simulations to ran-
dom perturbation, Colizza et al. [71] found that the predictability (or
more precisely, the reproducibility or the model’s sensitivity) of the
random graph model is much higher than the model fully calibrated
on real data. Again, the model where only the real air transport net-
work topology is reproduced displays patterns similar to the model
fully calibrated on real data. These results point out that topology
of the air transport network have an important role, not only for the
mobility of people, but also for the dynamics of entities that depend
on human mobility.
5 Resilience and vulnerability
In this last Section we review some results on the resilience of the air
transport network, i.e., its ability to adjust its functioning prior to,
during, and following internal and external disturbances, so that it can
sustain required operations under both expected and unexpected con-
ditions [72]. For example, few preliminary studies (for example, [51])
found a positive correlation between node’s topological properties and
typical fraction of delayed flights. In spite of its relevance for passen-
gers and society in general [17] however, little effort has been devoted
to the understanding of the relationships between the topology of the
air transport networks and the vulnerability of its dynamics.
Two significant exceptions can be found in the literature. The first
one, by Chi and coworkers [73], analyzes how the main topological
properties of the US air transport network are changed by random
failures and attacks. The former effect is analyzed by de-activating
airports at random, and thus simulating random disturbances like
emergency situations or adverse weather. The latter is investigated
by deleting the most connected nodes (as in an intentional terrorist
attack). As known in more general settings [74], scale-free networks
are extremely resilient to random failures. However this comes at
a high price, because they are also extremely vulnerable to targeted
attacks. The de-activation of the 10% of the most connected airports
is enough to reduce the topological efficiency [75] of the network of
25%.
The resilience of the air transport system to random failures, as
obtained in Ref. [73], is partly aligned with the experience that we
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all have as passengers. In spite of multiple failures that may appear
in small airports across the network, the dynamics of the system as
a whole is seldom disturbed. Yet, a complementary problem is rep-
resented by those events that push the dynamics of the system far
away from its normal point of operation. For instance, black swans as
large strikes or the eruption of a volcano dramatically affect the per-
formance of the system. The eruption of the Eyjafjallajo¨kull volcano
in 2010 is a clear example of such random events that have larger than
expected consequences.
This problem has been tackled in Ref. [76]. Specifically, a set of
random networks has been created, in which the main properties of the
topology (i.e., its scale-free nature) and the spatial position of nodes
have been maintained as found in the European air transport network.
Results indicate that the severe disruptions observed in 2010 are ex-
plained by the geographical correlation of the disturbances (which are
not, thus, completely random, as in the model of Ref. [73]), and by
the geographical correlation of hubs, which concentrates in the centre
of Europe. The proposed solution is to move some hub airports from
Germany to peripheral regions. However, although this may improve
the resilience against black swans, the economical consequences for
airlines would probably exceed the expected benefits.
6 Conclusions and open lines of re-
search
In conclusions, we have presented a short review of the recent use of
complex network methods for the characterization of the structure of
air transport and of its dynamics. We have shown that most of the
published researches have focused on the topological and metric prop-
erties of flight networks, where nodes represent airports, and links are
created between pairs of them, bringing information on the presence
and the frequency of flights. Specifically, these papers can be classi-
fied within three main families. Firstly, some of them propose a simple
characterization of the topology of the networks, without considering
their evolution through time. The recent change from a point to point
to an hub-and-spoke system has triggered a series of studies, aimed at
identifying and characterizing this transition, by monitoring the evo-
lution of network’s characteristics through time. Finally, some works
have focused on the dynamics on the network, as, for instance, on the
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movement of passengers and the epidemic spreading. However, we be-
lieve that this is just a starting point of a fruitful breeding between air
transport science and complex network theory. Many different types
of networks can be defined by taking into account variables or phe-
nomena that have not been investigated with networks. Therefore, we
anticipate that many interesting contributions will be published in the
near future about air transport networks involving, for example, air-
ways and navpoints, delays, safety events, crews and physical aircraft,
sectors, etc.
In the near future our society is likely to face a significant growth
of air traffic. Radical organizational and institutional changes are al-
ready taking place to accommodate this increase, for instance with the
progressive integration of the still nationally fragmented Eu airspace
management, thanks to the Single European Sky initiative and the
SESAR program. The current system will drastically change, thus
making a primary research area of the development of innovative net-
work management methods and tools. We believe that complex net-
work theory could give a significant contribution to this challenge.
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